Introduction
In the supplementary material provided below, we first present descriptions of the complete set of UK environmental groups that are included in our radical environmentalist group network. Note that while some of these groups clearly speak to issues that fall outside of the environmental arena, we follow Almquist and Bagozzi [1] to refer to each group as a radical environmental group here given their being listed as a key contact, and frequently referenced in the text, within the DoD (radical environmentalist) publication. We then provide an overview of the topic-model based classification approach that we use to determine whether (or not) the individual groups in our UK environmental group sample are associated with violent and/or illegal protest activities. This is followed by a presentation of the fifteen latent (text) topics that are obtained from this approach, as well as a more detailed discussion of the three topics that we identify as most indicative of violent and/or illegal protest activities. Next, we discuss how these three violent and/or illegal protest topics are used to classify each environmental group as a violent or nonviolent group, and provide the final list of UK environmental groups with their classifications. Following this discussion we carefully review inhomogeneous Bernoulli graph models for spatial network analysis and conclude with an in-depth overview of the empirical analysis employed in the main article.
UK Environmental Groups in Sample
This section describes the 143 UK environmental groups that are included in our sample. Where applicable, information on each group or organization's background is taken directly from that group's description within the DoD magazine and/or from Almquist and Bagozzi [1] . Specifically, the following UK environmental groups and organizations are included in UK group sample: the UK; in addition to promoting a more general understanding of these activists' activities. The group operates independently to the ALF. 6 . Anarchist Black Cross is the UK-based arm of an international activist group that seeks to provide material and symbolic support to political prisoners.
7. Anarchist Federation is a UK federation of " [a] narcho-communists [dedicated to] the abolition of capitalism and the state" [2] pp. 377 and publisher of both a regular newsletter and the Organise! magazine.
8. Anarchist Teapot Action Kitchen appears to be an earlier (or related) manifestation of the Anarchist Teapot Mobile Kitchen (see below). Not much information is available online, but this organization's main activities appear to be oriented around providing free food and drink at gatherings, concerts, and protest events involving various extremist groups. The Anarchist Teapot Action Kitchen was maintained as a separate group from the Anarchist Teapot Mobile Kitchen (described below) in our analysis given that the DoD texts seemed to imply that these groups were distinct, wherein stories typically referenced each group without giving mention to the other.
Anarchist Teapot Mobile Kitchen is a
Brighton-based social centre known for " [c] heesy pop music with cheap, organic vegan food for action camps, gatherings and radical events" [2] pp. 377.
10.
Anarchist Youth Network is a UK-based youth organization that is known as " [t] he only revolutionary youth network in the UK. Set up independently by young people, for young people, not as a recruiting ground for saddo lefties" [2] pp. 377.
11. Anarcho-Primitivist Network is a radical primitivism group that opposes modern civilization and seeks to promote these, and related radical ecological viewpoints, through information dissemination and other activities.
12. Anti-Fascist Action is a UK-based group focused on serving as a " [p] olitical and physical confrontation to the far right" [2] pp. 377, in addition to publishing the Fighting Talk magazine.
13. Arun Valley EF! is the autonomous UK EF! group associated with the Arun Valley regional area.
14. Autonomous Centre of Edinburgh is a social centre that " [d] raws together many campaigns for social and ecological issues into revolutionary struggle to overthrow capitalism" [3] pp. 228. 15 . Avon Gorge EF! is the autonomous UK EF! group associated with the Avon Gorge regional area. 16 . Bath EF! is the autonomous UK EF! group associated with the Bath regional area 17. Beal Valley Rescue is an Oldham-area group. Very little information about this group was available, but they may be oriented towards protesting the construction of the Beal Valley golf course.
18. Blackburn EF! is the autonomous UK EF! group associated with the Blackburn regional area.
Blatant Incitement Collective is a
Manchester-based group that "[e]ncourages people to organize themselves ecologically and without hierarchy by sharing skills, knowledge and inspiration" [2] pp. 377.
Brighton Against Benefit Cuts is a
Brighton-based organization whose focus is on the "[r]esistance to all attacks on benefits" [2] pp. 377, in addition to disseminating related information.
21.
Bristol EF! is the autonomous UK EF! group associated with the Bristol regional area. 
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Classification Approach & Input Quantities
As stated in the main paper, our topic model classification approach seeks to (i) uncover the latent violent 1 protest activity topic(s) underlying the "Do or Die" (DoD) publication texts in an unsupervised fashion, (ii) identify the occurrence of UK environmental groups within these same texts, and (iii) measure the strength of association (and the degree of uncertainty about this association) of each group with the identified violent protest activity topic(s). We then classify a UK environmental group as using violent protest activities if we find that that group has a significant positive association with our identified violent protest activity topic(s). The first step in this methodological approach is to therefore convert all DoD publications to machine readable text for the unsupervised identification of latent topics within these texts.
We acquired the complete 10-issue corpus of the DoD publication from Almquist and Bagozzi [1] . Issues 5-10 and 1 were obtained by Almquist and Bagozzi [1] in machine readable form from the online archive "Eco-action.org", which was a website used primarily for documenting UK environmental environmental activities during the 1990's [4] . The entries are stored in HTML at the story-level (separately for each issue), and all individual stories were webscraped for use in the analysis below. PDF-images of the four remaining issues (Issues 2-4) were then obtained by Almquist and Bagozzi [1] from a second online archive of environmental extremist activities known as the "Talon Conspiracy" [5] . These PDF-image files were then converted to machine readable text using optical character recognition (OCR) software. Following Almquist and Bagozzi [1] , we utilize the webscraped text for issues 5-10 and 1 in our analysis below, and then employ the OCR'd versions for the remaining issues (2-4).
Using these machine readable texts, our classification approach requires that we next create two intermediate input quantities from the text files described above: (i) a list of relevant UK environmental groups and (ii) a corpus of fully preprocessed text "documents." The former quantity is used for identifying the UK environmental groups that occur within our text corpus, and was obtained from the contact information listed at the end of each DoD issue (as described in the main paper)-yielding a total of 143 UK environmental groups. The latter quantity mentioned above is used for identifying the latent strategies that are discussed across our DoD corpus, including (potentially) violent protest activities.
Regarding the creation of our corpus of fully processed "documents," are decisions here closely follow the decisions and methodologies discussed in [1] . In these respects, we must first define what a standard document should be for the ensuing unsupervised topic model analysis. Based upon our own substantive knowledge of the DoD corpus-as well as the work presented in Almquist and Bagozzi [1] and similar applications of topic models to social science texts-plausible document designations include each individual DoD issue, each individual page of text within our DoD sample, individual sentences or paragraphs, or each individual story-entry within the corpus. Extant social science research has applied similar topic models to those used below to documents ranging in size from individual tweets [6] to individual books [7] . Others have used more arbitrary text-breaks to define documents such as page-breaks, sentences, multi-sentence sequences, or paragraphs [8] [9] [10] . Hence, for the methods applied below, a great deal of flexibility can be afforded in defining one's documents.
However, because topic models are inherently designed to analyze large collections of text [11] , the limited number of actual DoD issues (i.e., 10) prevents us from treating the individual DoD issues as our documents of interest. This limitation, and the broader formatting idiosyncracies of DoD, accordingly made the designation of (comparable) documents for this corpus uncharacteristically difficult. To this point, recall that the individual contributions within DoD were often inherently unstructured and variable, with some entries following traditional paragraph form, others being more experimental and artistic in format, and still others following a simple bullet point style. Moreover, the stories and pages within DoD often have text blocks arranged in different paragraph and column formats, with individual story entries ranging from 21,000+ words to 140 words (or less). Complicating this further was the fact that the OCR'd documents in our sample (issues 2-4), which were OCR'd at the page-level, often lost information on paragraph breaks and story breaks whereas our webscraped documents (issues 1, 5-10) were archived at the story level, without complete information on page-breaks.
In light of these inconsistencies, and following Almquist and Bagozzi [1] , the most defensible method for dividing the DoD corpus into text documents of comparable length is the use of multi-sentence sequences. Individual sentence-length documents were deemed far too short for identifying group occurrences or underlying mixtures of 7/23 topics. By contrast, the use of consecutive sequences of sentences has past justification in the estimation of underlying topics from text (e.g., [9, 12] ). In essence, this approach entails that one link together non-overlapping series of n consecutive sentences, treating each resultant sentence sequence as an individual document. As such, we started from the first DoD issue, and iterated through all 10 issues (in order), combining consecutive sentences by our designated n, and incrementally treating each subsequent n sentence sequence as a new document. While somewhat arbitrary, this process helps to guarantee that each document is of comparable size and content, which would not be the case if we were to have used story level breaks or page-level breaks [1] .
While constructing these sentence sequence documents, we follow Almquist and Bagozzi [1] and remove the aforementioned UK (and international) environmental group contact lists from the final pages of each DoD issue. While we use these contacts for identifying our groups of interest, we wish to avoid treating this text as actual content text during either the extraction of group co-occurrence information or the topic modeling stages of our analysis, given that the contact lists included within DoD provide little to no surrounding content text aside from the listed names and contact information for each group. After dividing our remaining corpus into 12 sentence documents, we then processed each document's text to remove all punctuation, numbers, and stopwords. The removal of these character-sets is standard preprocessing for our intended topic model techniques [1, [13] [14] [15] . In line with extant research [16] [17] [18] , we then removed all sparse terms that do not occur in at least 1% of the documents in our corpus, converted all remaining words to lower case, stemmed our remaining words, and re-structured our corpus into a document-term-matrix. Taken together, these preprocessing steps created a corpus with 3,210 unique documents and 2,082 unique word-stems.
Our topic model analysis, and past research [1] , ultimately informed our decision to use 12 sentence sequences as our primary document length. For this analysis, the choice of 12 sentence sequences yielded a document length that was comparable to the shorter, and most common, stories within the DoD corpus, while also minimizing the aforementioned heterogeneity in story-length documents. The choice of 12 sentence sequences also allowed us to maximize the number, and validity, of our environmental group occurrence indicator, which serves as the primary input for our group classifications. This occurrence indicator reports whether or not a group from our primary group list was mentioned within a given document in our corpus. As such, the length of a document directly affects our identified occurrences, and we believe 12 sentence sequences to be a reasonable balance between the identification of true occurrences and the avoidance of false occurrences. Indeed, lowering this sentence sequence threshold by 50%, to six sentence sequences, significantly reduces the number of identified occurrences, potentially ensuring that a substantial number of missed associations between occurrences and identified strategies. Increasing sentence-length by 50%, to 18, instead raises the potential for false positives, as UK environmental groups that are mentioned in one section of the original DoD text will be considered as having an association with a protest strategy they may in fact have been discussed in an entirely different context.
To construct our occurrence indicator, we then iterate through every group included within our UK environmental group list. For each group (i), we query each 12 sentence document (d) to record whether (=1) or not (=0) group i occurred in document d. Importantly for our documents d, we use the unprocessed 12 sentence sequence documents, as opposed to the fully preprocessed documents discussed above, as de-capitalization, stemming, and proper noun removal each undermine the appearance and identification of our target group names within our co-occurrence queries.
2 From the results of these queries, we construct a binary i by d matrix, where 1's denote occurrences of groups (rows) in particular documents (columns), and 0's denote the absence of a group within a given document. These binary indicators serve as our group-specific variables in the analysis below.
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Topic Model Application
We next extract the underlying protest tactics that are discussed across the DoD corpus, and variation therein. To do so, we apply unsupervised topic models to our preprocessed text-documents so as to simultaneously (i) uncover the latent themes or "topics" that are discussed across documents and (ii) associate these topics with the UK environmental group occurrence indicator discussed above. Topic models allow one to recover the former quantity by treating one's documents as combination of multiple overlapping topics, each with a representative set of words. Generally speaking, latent topics are then estimated via a hierarchical model that treats each document as a mixture of underlying topics; returning the words most strongly associated with each topic across all documents. We favor the structural topic model (STM) [13] for our present application. The STM estimates latent topics using the hierarchical framework discussed above, while also incorporating document-level information via external covariates into one's prior distributions for document-topics. As such, one can use the STM to not only identify a set of shared latent topics across a corpus, but also to evaluate potential relationships between document-level covariates and the prevalence of one's topics within and across documents. Accordingly, the STM has been effectively used to estimate the effects of survey-respondent characteristics upon variation in respondents' open ended responses [13] , as well as in identifying the underlying themes of the same DoD corpus that is currently under analysis [1] . For our application, the STM's advantages relate to its ability to incorporate group-based information-namely our document-indexed indicator of group occurrences-as binary predictors of attention towards different protest strategies and tactics across documents. This, in turn, allows us to estimate a set of topics across all documents, and to then evaluate whether the presence of a given group in a document significantly increases the attention dedicated to a given topic. When it does, we interpret this as evidence for a group being associated with the protest strategies that underlie that topic.
We specifically model our 12 sentence-sequence document-corpus as a function of the aforementioned external group occurrence covariate using the stm R package [19] . As is the case for most unsupervised topic models, we must explicitly choose the number of topics to be estimated within the STM. Robert et. al. [19] note that " [t] here is no right answer to the appropriate number of topics. [. . . ] For small corpora (a few hundred to a few thousand) 5-20 topics is a good place to start." As our corpus contains 3,210 documents, we rely on the above suggestions-as well as on the topics identified in earlier analyses of our texts [1] -to select a topic number of 15 for our primary STM analysis. To address multi-modality concerns, we follow Robert et. al. [13] and estimate a series of 50 separate 15-topic STMs using different starting parameters for each, and store the exclusivity and semantic coherence of topic words for each model. 4 We then choose a single model from this set of 50 models that maximizes the semantic coherence from the construction of our 12 sentence sequence documents for this step, as including this text within our document sample for co-occurrence identification would lead to a large number of false positives.
3 Note that we drop group indicator-variables for those groups that did not occur within any document. 4 Exclusivity measures how exclusive one's topwords are to each topic based upon a word's relative probabilities of association across topics, whereas semantic coherence quantifies the relative co-occurrence of our topics' identified topwords across our corpus, and thus provides a sense of how internally consistent a topic is [13] .
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and exclusivity of our corresponding topic word vectors. Based on the results of this model, we next examine the sets of 20 topwords that best characterize each identified latent topic. After establishing the semantic meaning of our 15 identified latent topics according to these topwords, we derive a variety of post-estimation quantities that allow us to classify our UK environmental groups according to their use of violent protest strategies.
Identified Topics
Based upon the methodology and approach discussed above, our primary STM model will identify the 15 topics that best characterize our preprocessed 12 sentence sequence documents across the entire DoD corpus. Each topic represents an underlying word distribution wherein each word in our corpus is given a posterior probability of assignment to that topic. For these word vectors, and consistent with Robert et. al. [13] , we extract the words most associated with each topic according to frequency exclusivity scoring metrics. We then substantively interpret the meaning of each topic based upon these probabilistic "top" word assignments. Specifically, we draw upon the twenty most frequent and exclusive words for each topic, and present these (stemmed) topword vectors for each of our 15 topics of interest-alongside our labels for each topic and the topic's reference number-in By and large, the 15 topics identified by the STM appear to correspond to meaningful constructs that are each highly similar to those discussed in Almquist and Bagozzi [1] . For our application, we group the 15 identified topics into three general categories for discussion: "ideology", "tactics", and "general discourse." Ideology represents the largest of these topic groupings, and includes topics 2-4, 6, 8, 12, and 15. In line with our earlier discussions of the overarching goals of the DoD publication [20] , Topic 2 is labeled Group Identity Debates and exhibits topwords pertaining to the ever-changing environmental perspectives and overarching goals of the UK EF! movement, and debates therein. Topic 4 is labeled Eco Literature, and encompasses topwords pertaining to the publication and dissemination of environmentalist viewpoints. The remaining ideology-based topics clearly identify ideological issues that environmentalists and radical leftists are either for (Topic 6: Species Conservation; Topic 8: Land Conservation; Topic 12: Sustainable Societies) or against (Topic 3:
Neo-Colonialism; Topic 15: Anti-Capitalism). We take the identification of these highly plausible ideological topics as evidence to suggest that our STM is performing as expected for the corpus as hand.
The next grouping of topics are of most interest to our group classifications, and encompass a number of protest tactics and strategies. In full, we identify four topics in Fig 1 that appear to pertain to protest tactics: Topic 9: Violent Protest; Topic 10: Direct Action/Ecotage; Topic 11: Occupation/Camps; and Topic 13: International Terror. The Violent Protest topic encompasses topwords related to mass protest ("crowd", "march", "demonstr", "banner") as well as to the potential violent consequences of such activities ("polic", "arrest", "cop", "smash", "riot"). Direct Action/Ecotage contains both "direct" and "action" in its topwords, in addition to words related to illegal and potentially violent activities such as "sabitag", "act", and "target." The Occupation/Camps topic appears to relate primarily to nonviolent, and largely legal, tactics involving the protest camps, and includes words related to the strategy of occupation itself ("camp", "climb", "squat") and words related to the areas that were typically targeted by this strategy in the UK during this time period ("road", "quarri", "twyford", "tunnel", "tarmac"). Finally, International Terror appears to capture illegal international activities ("bomb", "murder", "kill") involving environmental and leftist extremists ("black", "panther", "shepherd", "ship") and their aftermath ("prison", "sentenc", "jail", "fbi", "trial"). As such, we believe that three of these four protest topics clearly encompass protest activities that can be classified as employing violence or illegal destruction of property: Violent Protest, Direct Action/Ecotage, and International Terror, and we hence use associations with these three topics to classify our UK environmental groups as pursuing violent protest activities below.
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Before turning to our group classifications, note that the four final topics in Fig 1  appear to relate to more general (environmental) media discourse. Topic 1 is fairly ambiguous and is labeled Inspirational Language, as it contains a range of topwords that communicate optimism ("great", "strong", "left") and inclusiveness ("mani", "togeth", "join"). Topic 5: News and Culture encompasses current events that are likely of general interest to DoD's UK environmentalist readership, including family-related issues ("men", "women", "school"), sports ("footbal", "game", "team"), and legal/terrorism updates ("terrorist", "intellig", "court"). Topics 7 and 14 are labeled General Concern and Admonishments and respectively voice (i) overarching environmental concerns for the survival of the planet and (ii) criticisms of those that do not support the (radical) environmentalist viewpoint. 6 Lastly, while we rely on the topwords to define our topics above, note that we also use the STM to identify a sample of highly representative documents for each topic, and have used these sample documents to qualitatively guide our topic interpretations.
Group Classifications
Focusing on the three violent protest tactic-based topics discussed above (Violent Protest, Direct Action/Ecotage, and International Terror), we next evaluate the extent to which these three topics vary systematically in relation to the presence or absence of specific group occurrences within our associated documents. To do so, we make use of the aforementioned binary group-occurrence STM covariates, which indicate whether (or not) a group occurred (i.e., was mentioned) within a given document (i.e., sentence sequence). We specifically estimate the effect of a 0-to-1 change in each group's presence in a document on that document's degree of attention to each of our three violent protest-based topics, along with the 95% confidence intervals for this effect. If we find that a given group is positively and significantly associated with at least one of our three violent protest topics, then we classify that group as a violent group. All remaining groups were then classified as nonviolent, as these groups either were not positively and significantly related to any of the three topics of interest, or were not sufficiently mentioned across the text of DoD corpus itself-which we take as secondary evidence that a group was nonviolent, given the extremist nature of the DoD publication. We discuss three examples of our estimated quantities below, before summarizing our broader classifications of UK environmental groups 7 as either pursuing or not pursuing violent protest tactics. Fig 2 presents three examples of our STM's estimated effects-which correspond to three specific environmental groups-to illustrate our classification approach. Turning first to the Anarchist Black Cross subfigure in Fig 2, we find that this group is positively associated with the use of International Terror tactics, but not significantly associated with tactics of Direct Action/Ecotage or Violent Protest. We hence would classify this group as a violent environmental group within our sample given its positive association with at least one of our three violent protest activity topics (i.e., International Terror). Similarly, the Reclaim the Streets subfigure in Fig 2 demonstrates that a 0-to-1 change in the occurrence of this group within a given document is significantly and positively associated with Violent Protest and Direct Action/Ecotage-though not with the International Terror topic. Here again we would classify Reclaim the Streets as a violent group based upon the two former positive associations. Finally, the Avon Gorge EF! subfigure in Fig 2 illustrates a group that is found to not exhibit positive associations with any of the three violent protest topics. Avon Gorge EF! would hence be an example of a group that we would not classify as violent for our sample.
After iterating through all of the UK environmental groups within our occurrence indicator sample, we identify a total of 19 groups as having a significant positive association with at least one of our three violent protest activity topics. We thus classify each of these UK environmental groups-listed in Table 1 -as violent environmental groups. The remaining groups within our occurrence indicator sample were found to have nonsignificant or negative associations with each of the three identified violent protest topics and were therefore classified as nonviolent. We list these nonviolent groups in Table 2 below. Note that we then combine these latter groups with the remaining groups in our sample-i.e., with those UK environmental groups that were listed within DoD's contact lists but did not have sufficient representation across the DoD texts-to construct our full list of nonviolent UK environmental groups. As mentioned above, we interpret the nonoccurrence of a group within the DoD text itself as an indicator of a group being nonviolent, rather than violent, given the DoD publication's routine and systematic coverage of violent environmental protest activities within the UK during this period.
7 I.e., among those groups with at least one occurrence across the texts of the DoD corpus. 
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Extended Descriptives of the Topological and Geographic Characteristics of the Network
To compare ideas of geography and network topology Onnela et. al. [21] has introduced a measure of geographic centrality, which represents how close an individual or group is the geographic center of a community or subgroup. Onnela et. al. define physical centrality as the distance (d ij = (x i − x j ) 2 + (y i − y j ) 2 ) between a given node (i) and central point (S) of a given community (C), where the central point of a community is (X S , Y S ) using X S = (1/n S ) i∈C S x i and Y S = (1/n S ) i∈C S y i and n S is the number of members (vertices) in the community. Similar to Onnela et. al., we compare geographic centrality to topological centrality (betweenness centrality in this case) by correlating the two measures where we treat the groupings of violent and nonviolent as exogenously defined. We find that these two correlate at approximately 0.06 which implies that-similar to Onnela et. al.-geographic centrality and network centrality are not highly related in this particular application. See Table 4 . Z-score matrix between violent and nonviolent groups for UK Radical groups.
Spatial Network Models
Often social networks are represented as a mathematical object known as a graph (see for example [22] ). A graph can be denoted in either set theoretic notation, where G is a graph which composed of two sets: a vertex set or node set (V ) which represents entities such as humans or organizations, and an edge set (E) which represents relations between vertices such as friendship or collaboration. A network or graph can also be represented by a binary adjacency matrix (Y ), where y ij is the i to j edge and can take on the value of 0 or 1. If Y is symmetric we say the network is undirected (e.g., y ij = y ji ) and if Y is not required to be symmetric we say the network is directed (e.g., y ij does not have to equal y ji ). Two important measures on a network are the size, n = |V | or n = |Y | and the density, that is defined as the number of observed edges divided by the number of possible edges (δ u = 1) ). Graphs are often visualized for descriptive and interpretative purposes in the social sciences. While the layout is chosen arbitrarily there are some standard choices which accentuate different properties, such as Fruchterman-Reingold (see Fig 4) and geographic layouts (see Fig 4) .
A standard network or graph object can be extended to handle spatial locations, we refer to this object as a spatially embedded network. The most straightforward way to extend a network to handle spatial information is to follow [23] and take the typical graph, G = (V, E) and create a location function for V, i.e. : V → S, where S is an abstract space. S admits some distance, d (it is not required that this be continuous or a metric) and it can contain social dimensions such as a "Blau" space [23] . For present purposes, take as given, fixed. Given a network and a location function we can now define a very flexible parametric family of spatial network models, which we call the Inhomogeneous Bernoulli Family.
Inhomogeneous Bernoulli Graph Family
Here, we begin by exploring the spatial Bernoulli graphs introduced by [24] and used successfully in the network literature for prediction, and inference in number of different contexts (e.g., [23, [25] [26] [27] [28] [29] ). This method is one of the most direct ways of incorporating spatial effects into network modeling. This model is a subfamily of the general Exponential Random Graph Models (ERGM) with a spatial attribute [24] . Here, we will focus on the special case were we will assumes that dependence among edges is absorbed by the distance structure -i.e., that edges are conditionally independent. This is similar to temporal models which assume conditional independence by conditioning on the past (e.g, [30, 31] ). Following the notation of Butts and others [27, 28, 32] , we begin by positing a parametric function, F d (d, ψ), that (for some real parameter ψ) maps the distance (d) between two nodes into the probability of an i, j edge. This underlying function is referred to in the literature as the spatial interaction function (SIF) and its form governs the relationship between the spatial distribution of nodes and the network structure. (This will be discussed in detail in Section Properties of the
The Six Tie Models with Respect to Distance
Model Table 5 . In this article we consider six parametric models from Butts [25] and Butts and Almquist [34] .
Spatial Interaction Function.) Thus we define the Inhomogeneous Bernoulli Family model in the following way,
Where
This model is fundamentally related to the gravity models, i.e., E[
where P is an interaction potential, and F is an impedance or spatial interaction function [33] . The key to these models is the underlying SIF which we will discuss in the next section. Following our discussing of the SIF we will review estimation and simulation from these models and finally conclude by discussing an extension which allows for covariates.
Properties of the Spatial Interaction Function
The SIF is the key component to the inhomogeneous Bernoulli graph models and thus deserves careful discussion. The SIF as presented by Butts [24] is typically modeled via parametric form, where the shape and resulting slopes control the extent to which space models the resulting network structure. In this work we consider six different parametric models for the SIF: (1) Power Law (PL), (2) Attenuated Power Law (ATP), (3) Arctangent Law (AT), (4) Exponential Decay Law (ED), (5) Logistic Probability (LP), and (6) Constant Probability (CP). The formal descriptions can be seen in Table 5 . Different SIFs can have strikingly different behavior, for example consider Fig 4 where we have simulated inhomogenious Bernoulli graphs using Butts and Almquist [34] on a spatial grid simulated from a Halton-sequence [32] . The resulting spatial and social network structures are visually different and can result in quite complicated clustering and other interesting topological measures. For a full review of these details see Butts et. al. [27] .
Inhomogenious Bernoulli Family Models with Covariates and Statistical Inference
Spiro, Almquist and Butts [28] extended this family of models to handle covariates with a generalized linear model form, and used non-linear optimization to obtain MLE parameters. Spiro, Almquist and Butts [28] define for example the Power Law model with GLM structure as follows,
18/23 Parametric SIF with resulting spatial networks plotted in standard Fruchterman-Reingold layout and corresponding spatial layout. Networks simulated on on a 100 by 100 grid with spatial locations chosen using a Halton sequence (for details see Almquist and Butts [32] ).
where p bij = ilogit(θ * X ij ) and ilogit is the inverse logit function, α ij = exp(ψ * W ij ), γ ij = exp(φ * U ij ), and θ, ψ, and φ are parameter vectors, and X, W. To fit these models Spiro, Almquist and Butts [28] employ Bayesian point estimation with Importance sampling to fit the exponential family model, for full details see Spiro, Almquist and Butts [28] .
Supplement to Spatial Network Model Analysis
To fit the data discussed in the main article we employed the MLE methods of Spiro, Almquist and Butts [28] and use the model selection method of BIC [35] to find the best fitting model. To perform our analysis we begin by modeling the complete network to see which SIF best explains the observed data. The results can be seen in Table 6 , where we find that the arctangent law SIF is the best fitting model. This corresponds to the following probability function:
where p bij = logit −1 (θX ij ), α ij = exp(ψW ij ), θ, ψ are parameter vectors, and X, and W are covariate matrices.
Model Form BIC arctangent law 775.981 exponential decay law 776.039 power law 785.207 attenuated power law 785.278 Table 6 . BIC Selection table of all considered models. Smallest BIC is chosen as the best fitting model.
To assess the stability of this model, we divided our data into core periods: DoD issues 1-6 in period 1, and issues 7-10 in period 2. We divided into these two time 19/23 periods so as to roughly compare the stability of our findings arcos both the pre and post internet sub-periods of our overall sample. We are limited to splitting this into two time periods because of the sparsity of the network(s). We re-ran the spatial network model on each sub-sample, and again obtained the arctangent law as the best fitting model on the BIC metric for each time period. The following analysis is similarly robust.
We follow up with a confirmatory model of the arctangent law, where we distinguish between the violent and nonviolent organizations and also employ a cosine similarity metric to check if UK environmental organizations' overall levels of shared common interests are driving our findings. In order to hold constant our UK environmental organizations' overall levels of shared common interests, we construct a cosine similarity metric for each unique group-pair (i, j) in our sample. To create our measure, we first classify the documents in our corpus according to their most "dominant topic", f ∈ 1 : 15, based upon our STM's document-indexed posterior word distributions for each topic. We then calculated the portion of a group's total associated documents (x i f ) that arose from each of our 15 subsets of topic-indexed documents. For each unique group pairing, we next estimated the degree of overlapping topical interest among two groups, i and j, using the approach presented in Fafchamps et al. [36] :
As such, this measure, w ij , captures the degree of shared common interests among each group pair in our sample, and ranges from 0 (when two groups never appear in documents of the same topic) to 1 (when groups i and j appeared in the same exact topics, at the same proportions). We employ this measure first as a covariate within our arctangent law model where we find that the parameter (-18.108 with SE 66.38; p-value = 0.79) is not significant, which led us to ultimately not include this control in our final model. We then fit several models with the violent/nonviolent interaction focusing on a baseline homophily effect in both the probability and scale parameter. We find that there is a significant difference in expected probability of tie between violent and nonviolent groups (the parameter estimates of this resulting model, SE and p-values can be found in Table 7 ). Specifically we find that (while this is a very sparse network), violent organizations interact heavily at the city level (i.e., relatively short distances), and this decreases rapidly as distance between the groups grow both for within and between tie interaction. We also notice that the nonviolent group is largely a-spatial. These results confirm our second hypothesis, that violent actors are highly localized and likely decentralized in this context. In the main paper we will dissect some these potential effects.θ Table 7 . Parameter table for the SIF for arctangent law functional form with homophily terms for violent to violent interaction, nonviolent to nonviolent interaction, and cross group interaction violent to nonviolent (and vice a versa due to the symmetry in the network).
* signifies significance at the α = 0.05 level.
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